Abstract PM 2.5 is a pollutant that is very hazardous to human health and potentially an important source of radiative forcing. We estimate the effect of economic growth on changes in PM 2.5 pollution in a global panel of 151 countries between 1990 and 2010. We find that economic growth has positive though relatively small effects on pollution concentrations when we control for other relevant variables including the movement of pollution across international borders. Contrary to the environmental Kuznets curve (EKC) hypothesis, there is no insample income turning point after which growth reduces pollution concentrations. Though the EKC was originally developed to model the ambient concentrations of pollutants, most subsequent applications focused on pollution emissions. Despite this, previous research suggests that it is more likely that economic growth could eventually reduce the concentrations of local pollutants than emissions. Our results throw further doubt on the idea that economic growth can eventually reduce environmental impacts including climate change.
Introduction
Kuznets curve (EKC) has been the dominant approach among economists to modeling ambient pollution concentrations and aggregate emissions since Grossman and Krueger (1991) introduced it a quarter of a century ago. The EKC is characterized by an income turning point-the level of GDP per capita after which economic growth reduces rather than increases environmental impacts. Though the EKC was originally developed to model the ambient concentrations of pollutants, most subsequent applications have focused on pollution emissions and, in particular, carbon dioxide and sulfur dioxide (Carson 2010) . Recent studies using global data sets find that, in fact, income has a monotonic positive effect on the emissions of both these pollutants (Wagner 2008; Vollebergh et al. 2009; Stern 2010; Stern et al. 2017) . However, previous research suggested that it was more likely that economic growth could eventually reduce the concentrations of local pollutants than emissions (Selden and Song 1994; Stern et al. 1996) . Here, we examine the role of income, convergence, timerelated factors, and spatial effects in explaining changes in national level population-weighted PM 2.5 particulate pollution in a global panel of countries between 1990 and 2010. We are the first to investigate this dataset in the EKC context. We use a recently developed model that integrates the EKC and convergence approaches, which has not previously been applied to pollution concentrations data. We find that economic growth has positive but modest effects, time effects are also small but larger in wealthier economies, and convergence effects are small and not statistically significant. The growth rate of pollution in other countries has a strong influence on pollution growth. The surprising finding is that there is not an EKC even for local pollution concentrations, though the effects of economic growth appear to be smaller than they are for emissions of carbon and sulfur dioxide. Grossman and Krueger (1991) estimated the first EKC models as part of a study of the potential environmental impacts of NAFTA. They estimated EKCs for SO 2 , dark matter (fine smoke), and suspended particles (SPM) 1 using the GEMS dataset-a panel of ambient measurements from a number of locations in cities around the world. The turning points for SO 2 and dark matter were at around $4000-5000 (in 1985 US dollars) while the concentration of suspended particles appeared to decline even at low income levels. However, these results do not seem to be very robust (Harbaugh et al. 2002 ). Shafik's (1994) study was particularly influential, as its results were used in the 1992 World Development Report. She found that local air pollutant concentrations conformed to the EKC hypothesis with turning points between $3000 and $4000 (in constant 1985 purchasing power parity (PPP) adjusted dollars). Selden and Song (1994) were the first to estimate EKCs for four pollution emissions series: SO 2 , NO x , SPM, and CO. The estimated turning points were all very high compared to the two earlier studies. This showed that the turning points for emissions were likely to be higher than for ambient concentrations. Stern (2004) suggested that this may be due to both the decline in urban population densities and the decentralization of industry that tend to accompany economic growth. Furthermore, actions through which governments can try to reduce local air pollution include moving industry outside of populated areas and building taller smokestacks. The latter reduced urban air pollution in developed countries in the twentieth century at the expense of increasing acid rain in neighboring countries and the formation of sulfate aerosols (Wigley and Raper 1992) . Additionally, pollutants with severe and obvious human health impacts such as particulates are more likely to be controlled earlier than pollutants with less obvious impacts such as carbon dioxide (Shafik 1994) .
Despite this, there has been little recent EKC research on particulate pollution. Keene and Deller (2015) published an EKC analysis of PM2.5 concentrations for a cross-section of US counties in 2000. The model includes state dummies and various control variables and they use ordinary least squares (OLS) and spatial econometric estimators. They find that the peak of the EKC occurs at between US$24,000 and US$25,500, depending on the estimator used. Brajer et al. (2011) investigate ambient concentrations of total suspended particulates in the period 1990-2006 for 139 Chinese cities. Using a quadratic EKC model, they estimate the turning point for total suspended particles at RMB 3794, not controlling for population density, and at RMB 6253, controlling for population density. However, the regression coefficient of the cube of log income in a cubic EKC model is statistically significantly greater than zero with a second turning point around RMB 125k. Hao and Liu (2016) estimate EKC models for PM 2.5 concentrations in a cross section of 73 Chinese cities in 2013. They find an inverted U-shaped curve with highly significant parameter estimates for OLS and spatial error model estimates, with turning points of RMB 9k to 40k and PM 2.5 , respectively. On the other hand, Stern and Zha (2016) find a U-shaped relationship for 51 Chinese cities in 2013 and 2014.
Modeling the evolution of emissions using convergence approaches has become a popular alternative to the EKC. Pettersson et al. (2013) provide a review of the literature on convergence of carbon emissions. There are three main approaches to testing for convergence: sigma convergence, which tests whether the dispersion of the variable in question declines over time using either just its variance or its full distribution (e.g., Ezcurra 2007); stochastic convergence, which tests whether the time series for different countries co-integrate; and beta convergence, which tests whether the growth rate of a variable is negatively correlated to the initial level. We are not aware of attempts to test for convergence in pollution concentrations rather than emissions. Yet, it seems reasonable that high concentrations of pollution would encourage defensive action to reduce that pollution (Ordás Criado et al. 2011) . Stern et al. (in press ) propose a regression model that nests both the EKC and beta convergence models, which can be seen as an extension of the model of Ordás Criado et al. (2011) to also include the EKC effect. This model, which we use in this paper, allows us to test the contributions of economic growth, convergence, and time effects to the evolution of pollution.
Our main results use population-weighted estimates of national average concentrations of PM 2.5 pollution from the World Bank Development Indicators. These data are based on Brauer et al. (2016) , who use satellite observations of aerosol optical depth and pollution emissions data to obtain estimates, which they then regress on the available ground-based observations. They use the resulting coefficients to project calibrated PM 2.5 for all parts of the world. To check robustness, we also use the Environmental Performance Index dataset. These data are based on Boys et al. (2014) and van Donkelaar et al. (2015) . Neither of these latter studies uses ground-based ambient observations in deriving their estimates.
2 Because both these datasets are weighted by population exposure, they mostly reflect the concentrations of these pollutants in densely populated areas such as cities. Thus, though obviously wind transports particulates between cities and countries, we are capturing local pollution to a large extent with this data set.
The next section of the paper presents our modeling approach, the third our data, and the fourth our results. The fifth section presents our conclusions.
Model and estimation
Our model nests the EKC and beta convergence approaches to modeling pollution as well as also including other possible drivers of changes in concentrations in a single regression equation:
where i indexes countries, 0 indicates the initial year of the sample, and ε i is a random error term. Cî and Gî are the long-run growth rates of concentrations and income, respectively. G i0 is the logarithm of income per capita in the first year in the sample in each country and C i0 is the logarithm of concentrations in the initial year. X is a vector of additional explanatory or Bcontrol^variables. Ĉis the vector of the growth rates of concentrations in all countries and w i is the i-th row of a spatial weights matrix W. Each coefficient of the spatial weights matrix is computed as W ij = 1/d ij or W ii = 0, where d ij is the great circle distance in thousands of kilometers between the centroids of countries i and j. Thus, w i Ĉis a spatial lag of the dependent variable. We also estimate models that exclude the spatial lag of the dependent variable, exclude the control variables, and exclude the initial levels variables, G i0 and C i0 . The latter model is analogous to the traditional EKC model but estimated using differences rather than levels of the variables.
We compute long-run growth rates using
where Y is the logarithm of concentrations or income and T + 1 is the number of years in the sample. By formulating our model in long-run growth rates, we avoid most of the econometric problems troubling the existing literature on the environmental Kuznets curve (Wagner 2008 (Wagner , 2015 Vollebergh et al. 2009; Stern 2010; Stern et al. in press) .
We subtract the means of all the continuous levels variables (as opposed to growth rates or dummy variables) prior to estimation. Therefore, the first term on the RHS of the equation, α, is the growth rate of concentrations when there is no economic growth and all the other continuous levels variables are at their sample means. This can, therefore, be interpreted as the average time effect. β 1 is an estimate of the income-concentration elasticity at the sample mean. The fourth term tests for the EKC effect. If β 2 is statistically significantly negative and β 1 is positive, then there is a level of income after which concentrations reduce with growth.
We can compute the EKC turning point where
, where μ G is the cross-country mean of initial GDP per capita that was deducted from the initial level of GDP per capita variable prior to estimation. We use the delta method to compute the standard error of τ. If this turning point is within the sample range of income and is statistically significantly different to zero, then there is an environmental Kuznets curve. If β 2 is negative, but the turning point is out of sample, we can still say that there is an EKC effect so that growth has a reduced effect on concentrations at higher income levels. The fifth term tests whether concentrations change at a different rate in richer countries in the absence of growth and the sixth term tests for convergence in concentrations using the beta convergence approach. If β 4 < 0, then concentrations converge across countries so that concentration growth is slower in countries that commence the period with higher pollution concentrations and vice versa.
A wide variety of Bcontrol variables^have been considered in the EKC literature. Some of these are genuinely exogenous or predetermined, whereas others are variables that typically change in the course of economic development and might be seen as factors through which the development process drives changes in concentrations. Examples of the latter are democracy, free press, good governance, lack of corruption, or industrial structure. We are interested in testing the overall effect of income and economic growth on pollution growth and so we only include variables that are predetermined or exogenous to the development process and found in previous research to be potentially relevant. Stern (2005) first noted that English-speaking OECD countries seemed to abate sulfur emissions less and Germanic and Scandinavian countries more. Stern (2012) related this to differences in legal origins (La Porta et al. 2008 ) and found that energy intensity was lower in non-English legal origin countries, ceteris paribus. Fredriksson and Wollscheid (2015) present evidence that legal origin has a significant effect on environmental policy. Here, we include dummies for French and German legal origin. We also control for whether a country was a formerly centrally planned country using a dummy variable. We expect that market reform would reduce the level of pollution, ceteris paribus.
We also control for the effect of climate, by using historical country averages of temperatures over the three summer months and the three winter months, annual precipitation, and average elevation above sea level. The latter two variables are converted to logarithms. Indonesia and Malaysia experienced exceptionally high levels of pollution in 1990 associated with the periodic haze episodes due to forest fires in the region (Osterman and Brauer 2001) . The other 2 years in our sample are not associated with haze episodes. To control for this, we add a dummy for these two countries. Finally, we include the log of population density in the initial year, which might be expected to increase the concentration of pollution, ceteris paribus. Also, the higher population is, the more people will be exposed to pollution and the more likely that action might be taken (Ordás Criado et al. 2011) . Therefore, the direction of this effect is ambiguous.
PM 2.5 is a spatially heterogeneous pollutant, whose concentration is strongly affected not only by local emissions but also by pollution from neighboring countries that moves across international borders. To address this, we add the spatial lag of the dependent variable to the explanatory variables. If pollution is transported uniformly outward in all directions from a point source as a ring, then the concentration of pollution from that source is proportional to the distance from the source, as the circumference of a circle is proportional to its radius. As explained above, our primary estimates use spatial weights that are proportional to the inverse distance between country centroids. In reality, the wind concentrates the flow of pollution in a particular direction and some pollution remains or is absorbed in areas en route. We test the sensitivity of the results to the choice of weighting matrix in our robustness checks. The lagged dependent variable is clearly an endogenous variable, so we use an instrumental variable method, which is the preferred approach when there are also other endogenous variables (Fingleton and Le Gallo 2008) .
There may also potentially be apparent feedback from the growth rate of concentrations to the growth rate of income. This is because pollution growth may be correlated with the growth of energy use and energy use contributes to economic growth or because pollution control is costly. Csereklyei and Stern (2015) argue that this bias will be fairly small even when the dependent variable is energy use. There may be actual feedback from pollution concentrations to growth if pollution reduces the rate of economic growth. This would bias the estimated coefficient in the opposite direction. Omitted variable bias is an important issue, as there are many variables that may be correlated with the level of GDP or GDP growth, and which may help explain concentration growth. Our difference approach should help reduce this bias (Angrist and Pischke 2010) . Finally, measurement error is a significant issue in the estimation of GDP and pollution concentrations. Obviously, there are significant uncertainties in the concentration data, which are modeled based on satellite and ground-based measurements. Measurement error is likely greater for some of the smaller economies. Weighted least squares can, therefore, help reduce the effects of this measurement error.
However, we also estimate the model using a nonlinear generalized method of moments (NL-GMM) estimator. As instruments for the rate of economic growth, we use two of the regional dummies defined by Sala-i-Martin et al. (2004) and recommended to be included in growth regressions by Rockey and Temple (2016) . Specifically, we use the dummies for SubSaharan Africa, which had lower than average economic growth in our full period, and East Asia, which had higher than average growth. Adding dummies for other regions reduced the strength of the instruments, as measured by the Stock and Yogo (2005) eigenvalue test. We also use a dummy for landlocked countries, which experienced slower growth. We estimate the model nonlinearly to explicitly model the fact that in the interaction term, the rate of economic growth is endogenous but the (log) level of GDP per capita is not. As suggested by Anselin (1988) , we use spatial lags of all the exogenous variables as instruments for the spatial lag of the dependent variable.
When observations on variables are aggregated into regions-here countries-of different sizes, it is likely that much of the local variation across individual locations is canceled out in the larger regions while more idiosyncratic variation remains in smaller regions. This means that the error terms in a regression using such aggregated data are likely to be heteroskedastic with the error variance proportional to the district size (Maddala 1977; Stern 1994) . To address this grouping heteroskedasticity, we estimate the models using weighted least squares, where the weights are the square root of population, and use heteroskedasticity-robust standard errors. Using weighted least squares (WLS) can result in large efficiency gains over using OLS even when the model for weighting the data is misspecified. But in case there is misspecification, heteroskedasticity-robust standard errors should be used to ensure correct inference (Romano and Wolf 2014) . We measure goodness of fit, for models estimated without instrumental variables, using Buse's (1973) R 2 , weighting the squared deviations by population.
Data
We compiled a dataset for 151 countries for the years 1990, 2000, and 2010. 3 We use Penn World Table data for GDP, as this allows us to include more countries than the World Bank dataset does. In the main results, we compute mean annual growth rates of pollution and GDP for the 1990 to 2010 interval. The initial levels of GDP per capita, pollution, and population density are, therefore, for 1990. The climate variables are computed as means over longer periods, as explained in Appendix A. For some of the alternative models in Table 3 , we compute growth rates for 1990-2000 and/or for 2000-2010. For the latter models, we use initial levels of GDP per capita, pollution, and population density in 2000. Details of all the data sources are also presented in Appendix A. (Brauer et al. 2012) . This difference is due to the large populations in East and South Asia, which have high PM 2.5 concentration levels. In the base year of the study, 1990, 78% of countries in our sample had exposure levels higher than the WHO recommended level.
The level of initial per capita GDP has a wide range: from $487 to $125,552 in constant 2011 PPP dollars. While mean income per capita is $9878, the median value is only half the mean, at $5537. The descriptive statistics for the continuous control variables exhibit the wide range that would be expected in a globally representative sample. Table 1 also presents the annual growth rates of income per capita and pollution. GDP per capita grew at an average rate of 1.88% p.a. over the period 1990 to 2010. The median is only 0.18 percentage points lower. The income growth rates are mostly positive; however, 20 countries had negative per capita growth over the period. There is one outlier with a GDP per capita growth rate of 15% p.a.-Equatorial Guinea. Compared to GDP growth rates, the growth rates of pollution exposure are mostly modest. The mean rate of decline was −0.39% p.a. and the median -0.25% p.a. Sixty-four countries had positive growth in PM 2.5 exposure over the period. Pollution grew fastest in Myanmar, averaging 2.8% p.a., while the most rapid decrease was observed in the Czech Republic, averaging −3.4% p.a. But in both these countries, there was a large change in one decade but not the other. In fact, while the mean annual rate of decline of PM 2.5 in the 1990s was -0.46%, PM 2.5 concentrations on average increased in the following decade with an average annual growth rate of 0.08%. Figure 1 presents the data in growth rate form. There would not be much point in presenting the actual concentrations of pollution, as the mean levels are swept out when growth rates are computed and much of the variation in levels reflects idiosyncrasies of geography. The size of the bubbles is proportional to population in 1990, which is used to weight the observations in the regression analysis. The large circle to the right is, of course, China, with India to its left. The USA is the largest circle among the countries with negative pollution growth rates. Indonesia is to its lower right. As we can see, both pollution and GDP per capita rose quite strongly in the World's two most populous countries. This and the negative pollution growth rates in many of the countries with moderate growth suggest that economic growth should have significant effects on pollution growth. OLS estimates are likely to be influenced by some of the small outlier countries, such as Equatorial Guinea on the far right of the figure, which is mitigated by using WLS to estimate our main models. Table GDP data. The simple EKC model has a turning point at $7201, which is statistically significantly different from zero. The concentrations-GDP elasticity at the sample mean is 0.08, though it is not very precisely estimated. It is fairly small because the income turning point is just above the mean of log income in the sample, which is close to the median of the level of income. The time effect indicates that, on average, concentrations fell by 0.69% p.a. in a country with zero economic growth. These results would seem to strongly support the environmental Kuznets curve story and the hypothesis that the income turning point is lower for concentrations of local pollutants than it is for emissions of pollutants such as sulfur dioxide. Model 2 adds the two initial levels terms. The EKC turning point is now much higher, beyond GDP per capita in most countries, and very imprecisely estimated. The interaction term is also no longer statistically significant. In addition, the concentrations-GDP elasticity at the sample mean is larger and statistically significant. However, it is fairly small compared to estimates for emissions data such as sulfur emissions (Stern et al. in press) . As expected, the coefficient of initial pollution is negative, indicating beta convergence. The coefficient of initial income is also negative and very statistically significant. This implies that concentrations fall faster in richer countries, ceteris paribus. When we add the control variables, the concentrations-income elasticity rises to 0.29 at the sample mean and is highly significant. The coefficient of the interaction term is almost zero. The emissions-income relationship is now clearly monotonic. The effect of the initial level of pollution is reduced in strength and statistical significance. Of the control variables, concentrations rise faster (or fall slower) in countries with higher summer and lower winter temperatures, higher precipitation, and higher elevation. None of the institutional variables or population density is statistically significant. The effect of precipitation is unexpected, as higher precipitation would be expected to clear the air, though its effect on the growth rate of concentrations is less obvious. Many of the countries where concentrations fell strongly are in Europe and have moderate levels of rainfall of around 500-1000 mm, while many of the countries where concentrations rose most strongly happen to be in areas of heavy rainfall in the tropics. This effect might be related, therefore, to deforestation. The Malaysia and Indonesia dummy has a highly significant and negative effect on concentration growth.
Econometric results
Results are, therefore, similar to those found by Stern et al. (in press ) for sulfur and carbon emissions, but the effect of economic growth is far smaller and even smaller than that for non-industrial greenhouse gas emissions (Sanchez and Stern 2016) . However, these results assume that economic growth is exogenous and that pollution does not cross international borders. Model 4 uses nonlinear GMM to Binstrument^the growth rate of GDP per capita. The estimated concentrations-income elasticity at the sample mean is now 0.78. The coefficient of the interaction term is positive but not statistically significant. The EKC turning point now becomes a minimum level of pollution at an income level below that of the poorest country in the sample, so that the concentrations-pollution relationship is still effectively monotonic. The other coefficient estimates are similar to those for model 3 though some are larger in absolute value such as the time effect and the coefficient for Malaysia and Indonesia and others are now not statistically significant, such as initial GDP per capita. The Durbin-Hausman-Wu test shows that GDP growth is endogenous-the parameter values change significantly when the instruments are used and the Hansen test indicates that the instruments are exogenous-they are not correlated with the estimated residuals. The Stock and Yogo eigenvalue shows that the instruments are very strong-it is significant at at least the 5% level with less than 5% bias. For model 5, which includes a spatial lag, the instruments are weaker with a 20% bias at the 5% significance level. 4 The diagnostic statistics show that there is very serious residual spatial autocorrelation for the first three models. Introducing additional control variables reduces the degree of spatial autocorrelation, as does using GMM. But the Moran I test can still reject the null of no spatial autocorrelation at the 10% significance level for model 4. A t test on the spatial lag in model 5 is significant at the 1% level. The coefficient of the spatial lag is not the autocorrelation coefficient, as the spatial weights matrix is not normalized. Rather, it indicates that if the growth rate of pollution in a country 1000 km away increases by 1% p.a., then the growth rate of pollution in the country of interest will be 0.0175% p.a. higher. This might seem small, but the cumulative effects summed over 150 countries are quite large for all countries. The mean effect of 1% faster pollution growth in all other countries is a 0.71% p.a. increase (standard deviation 0.27% p.a.) in the growth rate of pollution in the target country. Adding the spatial lag in model 5, not surprisingly, shrinks the value of most of the other coefficients towards zero. However, the effects of legal origin and elevation become stronger and much more statistically significant. Pollution grows more slowly in countries of French and German legal origin relative to countries of English or Scandinavian legal origin.
In Table 3 , we present results for the following variations on model 5, to test robustness to different data sources, time periods, and estimation methods. The models:
(A) Use the growth of total GDP rather than GDP per capita. The tradition in the EKC literature is to use GDP per capita, but the relevant scale of the economy that drives pollution concentrations is total GDP. The interaction with the level of GDP per capita tests how development affects this scale effect. Though we present this as an alternative model, this specification, which cannot be estimated using the traditional EKC framework, is a more sensible one for pollution concentrations. Table. (H) Use pollution data from EPI instead of the World Bank.
Unfortunately, models C, F, and H suffer from weak instruments. Therefore, these results are less reliable than the results for the other models. In each of these cases, the interaction term has a negative coefficient, but in no case is the estimate of the turning point statistically significant. Therefore, these results also do not support the EKC hypothesis.
Results for model A are similar to those for model 5. The main difference is that the interaction effect is now statistically significant as is the effect of the initial level of income per capita. The effect of economic growth on pollution concentrations is, therefore, higher in richer countries, but pollution tends to decline faster independently from growth in richer countries. In model B, reducing the effect of pollution growth in more distant countries results in increasing most, but not all, coefficients in absolute value relative to those in model 5. Not surprisingly, these results are intermediate between those of models 4 and 5.
In model D, the interaction term G îÂ G i0 is replaced with G îÂ OECD i0 , where OECD is a dummy variable equal to one in countries that were members of the OECD in 1990 and is zero otherwise. The effect of growth in non-OECD countries is, therefore, given by the coefficient of G îa nd the effect of growth in OECD countries by the sum of the two coefficients. The results show that growth has a positive effect on concentrations in non-OECD countries and a small positive but statistically insignificant effect in OECD countries. The other coefficients are similar to those for model 5. Therefore, these results do not support the EKC hypothesis either, though they show that growth has less effect in OECD countries.
The results for the 1990-2000 sub-period (model E) are consistent with those for the full period except that legal origin does not have significant effects. Results using World Bank income data in model G are very similar to those for model 5, but the effect of the spatial lag of pollution is a bit greater.
Conclusions
The evidence presented in this article shows that economic growth has positive though relatively small effects on the growth in PM 2.5 concentrations. For our models that include convergence terms and control variables, there is in no case a statistically significant income turning point where pollution is at a maximum. However, when we estimate a model analogous to the classic EKC model, we find a turning point of around $7000 per capita. Our results suggest that prior studies that find a relatively low income turning point for the environmental Kuznets curve for particulate concentrations (e.g., Grossman and Krueger 1991; Shafik 1994; Brajer et al. 2011; Hao and Liu 2016) suffer from omitted variable bias. Our results are more similar to Keene and Deller (2015) who found a much higher, but still in-sample, turning point for US counties.
On the other hand, the negative time effect is perhaps stronger in richer countries-the initial level of GDP is statistically significant for models A and B-but this is unrelated to increases in income. It is also stronger in French and German legal origin countries than in English and Scandinavian legal origin countries. Growth in pollution in other countries also strongly affects the growth rate of pollution. That there is not even an EKC for particulate pollution, which is a classic example of a mostly local pollutant that impacts human health, casts further doubt on the popular idea that economic expansion itself will eventually improve rather than damage environmental quality.
